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Abstract: The progress in chemical knowledge and synthetic technologies over the last fifty-years has dramatically in-
creased the synthetic accessible chemical entities. Exploration of natural products rich chemodiversity has also expanded
the vast chemical universe where medicinal chemist can pursue the identification of new therapeutic agents. Virtual
Screening (VS) benefits from computational technology to explore the increasingly vast chemical universe in an efficient
manner. The different VS approaches may be characterized by the computational and human time they require, from the
highly automated and fast 2D-QSAR ligand-based VS to the more demanding 3D QSAR and target-based (docking)
methodologies. Recently, several studies based on the integration of different VS approaches have been proposed, demon-
strating that the hit recovery rate may be maintained (or even increased) with a substantial reduction of computing times.
Combined virtual screening methodologies usually begin with the least-demanding approaches at the beginning of the VS
process and progress to the more accurate, time consuming techniques in the last stages. This review discusses recent
2D/3D QSAR and ligand-based/target-based “synergistic” combinations that allow speeding-up the VS process, permit-
ting accurate and efficient studies on large databases. The impact of the combination of different techniques on the chemi-
cal diversity of the compounds retrieved is also discussed.
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INTRODUCTION

Faced with the impossibility to exhaustively screen the
increasingly vast chemical universe through traditional in
vitro and in vivo assays, researchers in Medicinal Chemistry
have developed modern strategies such as Virtual Screening
(VS) and High-Throughput Screening (HTS) to explore this
huge chemodiversity in an efficient (and bioethically com-
patible) manner. Although is highly unlikely that in silico
and in vitro tools will ever totally replace in vivo assays,
ligand- and structure—based VS strategies have been used to
filter the ever-growing chemical space, in order to rationally
reduce the number of compounds to synthesize/evaluate.
With the constant development of new computational meth-
ods, VS provides the possibility to analyze a huge number of
compounds (including compounds that do not necessarily
exist) in a clean, safe and fast manner. Two general and
fundamental approaches have been developed: structure-
based VS (SBVS) and ligand-based VS (LBVS).

In SBVS, the search of new leads is guided by the
knowledge of the 3D structure of the biological target. The
procedure, called molecular docking, involves a quantitative
analysis of the molecular recognition events between the
ligands and the targeted binding site. To this end, the com-
pounds from a virtual library are docked to the structure of
the active site of the target protein (by adjusting their con-
formation to bind to the selected receptor) and the free ener-
gies of binding are calculated. Unfortunately, the knowledge
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at the molecular level of the drug-receptor interactions that
are responsible for the biological recognition is not straight-
forward, and their simulation on a computer is far from per-
fect. The influence of the quality of the target information
available from experimental data, the unavailability of X-ray
or RMN information for some types of molecular targets
(e.g. membrane proteins), the selection of the ligand data-
base, the flexibility of the molecules and the receptor, the
evaluation and ranking of each ligand active conformation
through the scoring functions, the entropy penalty for immo-
bilization of rotatable bonds in binding and the influence of
water molecules are some of the subjects in constant discus-
sion [1, 2]. However, it was demonstrated that this kind of
VS has made an important contribution to the generation of
novel active structures as well to the understanding of prote-
ing-ligand interactions [1, 3-8].

Alternatively, ligand-based VS (LBVS) can be performed
when there is little or no information available on the mo-
lecular target. LBVS methodologies usually involve two
fundamental steps: first, structural features significant to
elicit biological activity should be studied on a set of ligands
which are known to bind the molecular target of interest.
Once those critical features have been identified it is possible
to apply them in the search of chemical entities that satisfy
those requirements in virtual libraries of chemical com-
pounds. In the limit, LBVS may be applied even if a single
known-ligand has been identified, through similarity-based
VS. LBVS may be classified in two different, essential ap-
proaches, which we will denote as high and low dimensional
VS throughout this review. High dimensional VS considers
the conformational space of the molecules (and sometimes,
also, its orientation) and it is, therefore, computationally
expensive. In contrast, low dimensional VS is based on a
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simpler description of the molecular structure (such as a 2D
representation, e.g. a graph, or in some cases, just the mo-
lecular formula of the compounds, e.g. when constitutional
descriptors or atom counts are used) [9-11].

Plenty debate has arisen in literature discussing whether
target-based or ligand-based approaches are more accurate
[12-16], and it is usually assumed that SBVS is the alterna-
tive of choice provided that quality information on the mo-
lecular target is available. A similar discussion can be traced
regarding preference on high or low dimensional ligand-
based approaches [17-21]. Although intuitively one may
believe that those approaches which incorporate more ex-
plicit information on molecular structure are more effective,
the evidence indicates that sometimes the implicit informa-
tion captured by simpler descriptions of molecular structure
can lead to comparable or even better results (being, at the
same time, more cost-effective).

The use of sequential ligand-based filters followed by
structure-based filters in VS is justified by the optimization
of computational resources to accelerate the processes, in-
creasing the computational requirements of the selected
methodologies progressively in each step. When this strategy
is applied, the molecular docking usually constitutes one of
the last stages, and it is used to provide more information
about the interaction between the best ranked ligands and the
binding site. Although it is usually assumed that target-based
leads to more accurate and reliable predictions (at has been
stated in previous paragraphs) recent evidence from system-
atic studies shows that ligand-based methodologies fre-
quently present best enrichment factors while both SBVS
and LBVS performances are highly variable from target to
target.

Klabunde and coworkers [22] compared the performance
of different virtual screening strategies for identifying bio-
genic amine-binding G-protein coupled receptors (GPCRs).
They selected a library of drug-like molecules and antago-
nists of four biogenic amine-binding G-protein receptors:
alphalA, 5HT2A, D2 and M1; in order to analyze the ability
of the methods to retrieve known antagonist from the data-
base. The screening strategies involved molecular docking
(using GOLD [23] and FlexX-Pharm™ [24] software),
ligand-based pharmacophore (with Catalyst® [25] or Feature
Trees [26]), 3D-similarity searches (FlexS [27]) and the use
of 2D descriptors in QSAR models (CATS [28, 29], NCCS
[30], QikProp [31]). The effectiveness of the different meth-
odologies was evaluated by the calculation of the Hit Rates,
and the Enrichments factors within the top-scored com-
pounds compared to that of those randomly selected. The Hit
Rate is defined as the relation between the number of true
hits found in the hit list respect to the total number of com-
pounds in the hit list; and the Enrichment factor (EF) is the
HitRate divided by the total number of hits in the full data-
base relative to the total number of compounds in the data-
base. More formally:

HitRate = (Hitssampled/Nsampled) .100
EF = (H itssampled/Nsampled)/(H itstotaI/Ntotal)

Based in these previous considerations, the authors found
that the ligand-based approach offered a better performance
than protein-based methodologies, especially when there is
sufficient ligand information for the generation of the mod-
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els. However, they observed that the docking procedures
presented were based in homology models of the protein
structures, and the results of the investigation would be af-
fected by the representation of the receptor and by the choice
of scoring functions. Additionally, they remarked the signifi-
cance of the qualitative information provided by the inclu-
sion of structure-based methodologies (mainly related to the
molecular recognition) to increase the chances of success in
VS.

Another example was provided by Mc-Curdy et al. [32],
who developed two independent models aimed to identify
new tools for the discovery of potential lead molecules for
the human kappa opioid receptor (KOP). One of the ap-
proaches was based on the automated pharmacophore hy-
pothesis generation (Catalyst software [25]), using a training
set composed by salvinorin A analogs. The selected pharma-
cophore was further validated by randomizing the data, by
evaluating the predictive ability on the test set molecules and
by incorporating an external set of negative controls. The
other model was supported by the virtual generation of the
3D-structure of human KOP receptor. It was derived from X-
ray crystal structure of bovine rhodopsin and several check-
ing programs were used for protein structure validation in
combination with experimental data. In addition, some de-
rivatives of salvinorin A that are known as KOP receptor
agonists were docked with GOLD [23] to correlate their pKi
values with the docking scores, with good results. The con-
vergence of the two models was quantified through the cor-
relation of the predicted activities of the test set compounds
from pharmacophore model vs their docking scores obtained
from human KOP, with acceptable results. The authors
stated that the information obtained using both ligand-based
and target-based methods will improve the effectiveness and
performance in future VS.

Zhang and Muegge have recently published a very inter-
esting systematic comparative study involving seven differ-
ent drug targets (among them, cyclooxygenase 2, estrogen
receptor and HIV-1 protease) [33]. In this study, the authors
combined known-ligands of the studied targets with 9,969
drug-like compounds of the MDDR database and performed
VS simulations by applying structure based VS with Glide
[34], pharmacophore fingerprints (a 3D ligand-based meth-
odology), Daylight fingerprints and atom pair-based similar-
ity measures (2D ligand-based approaches). From the per-
centages of actives retrieved by each methodology it can be
observed that in most cases LBVS outperforms SBVS, while
the performance of low-dimensional VS approaches usually
compares to (and sometimes, outperforms) that of high-
dimensional approaches (Fig. 1).

A similar, notable research was carried out on 11 targets
by McGaughey et al., using MDDR and Merck’s corporate
database as sources of decoys [35]. From the enrichment
factors, it was observed that topological similarity (the sim-
plest approach) outperformed 3D ligand-based and docking
methodologies in most cases. However, the authors proved
that more complex methodologies tend to retrieve more
diverse compounds; in this sense, 3D ligand-based method-
ologies may be considered generally better, since they pre-
sent higher enrichment factors while the diversity of the
retrieved compounds is similar to that of structure-based
techniques. Nevertheless, it may be signaled once again that
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Fig. (1). Comparison of different VS methodologies on seven molecular targets, from the work from Zhang and Muegge. Note that 2D and
3D-ligand based VS methodologies usually outperform target-based VS in terms of enrichment factors. G represents Glide, P1 represents
pharmacophore fingerprints from a single 3D conformations generated by using Corina, P50 represents a fingerprint generated by combina-
tion the pharmacophore fingerprint information from 50 conformations generated by OMEGA, D represents Daylight fingerprints and AP

represents atom pairs.

docking methodologies present an additional virtue: the
qualitative information given by the possibility to predict the
binding mode of the ligand. In synthesis, 2D ligand-based
approaches appear to be generally better if one takes the
number of actives retrieved and the computational cost as the
only performance criteria, while more complex approaches
are better if the diversity of the retrieved structures or the
information provided on the molecular recognition events
are considered. Thus, each methodology presents its own
pros and cons, and there is no clear superiority of one over
the others.

Consistently with these results in the last few years many
successful VS applications combined either different ligand-
based approaches or structure-based with ligand-based tech-
niques in complex VS protocols. Simultaneously, plenty
effort is being invested in the search of consensus scoring to
merge results from highly disparate VS methods [36]. These
works support the idea that different VS alternatives should
not be regarded as mutual exclusive but integrated in a syn-
thetic, synergistic way instead. However, is there any infor-
mation loss related to these integrated strategies?

In this review we will focus on these recent applications
of combined VS approaches. We have divided the review in
three sections, covering combined ligand-based and struc-
tured-based approaches, combined high and low dimen-
sional ligand based approaches and combinations of differ-
ent structure-based VS techniques (cascade docking). To
help the understanding of the more complex VS protocols
we have included schemes of the combined VS processes.
Finally, we will draw some general conclusions underlining
the advantages, disadvantages and perspectives of the differ-
ent combined VS protocols.

COMBINED LIGAND-BASED AND STRUCTURE-
BASED VS APPROACHES

Recently, Hu et al. combined a learning support vector
machine model with multiple conformational docking for the

discovery of Yersinia protein kinase A (YpkA) inhibitors [37].
A set of 364 known kinase inhibitors assembled from litera-
ture or from ligand-protein complexes in the Protein Data
Bank, covering diverse chemical scaffolds, was seeded into
4,220 compounds randomly selected from MDDR database.
The model derived from 276 3D descriptors computed with
ADMET/Predictor [38] correctly classified 319 out of 364
active compounds in the training set. The model was exter-
nally validated, correctly classifying about 70% of the active
compounds from the test set (false positives rate, however, is
not reported for neither the training nor the test set). The data-
base was filtered with this model, screening an in-house com-
pound collection of more than 2 million compounds and ob-
taining a kinase focused library of 200,000 structures. Since
the structure of YpkA is unavailable, homology models were
constructed from mitogen-activated protein kinases (MAPK)
considering the residues near the ATP binding site. Multiple
conformational docking was then applied to search for YpkA
inhibitors using FlexE and a total of eight conformers of
YpkA [39]. The 200,000 compounds of the kinase-focused
library were docked and ranked according to FlexX score.
Later, consensus scoring was applied for the FlexX docking
complexes; the top 5% compounds were re-ranked with the X-
Score [40]. The top 1,000 compounds were visually inspected
in terms of overall fit, interactions with the binding site, struc-
tural complexity and diversity, selecting 45 compounds for
biological evaluation. Seven of them (15%) showed complete
inhibition at 225-450 uM; further evaluation proved three of
them have ICs, values below 10 pM, while the remaining
presented 1Csy values below 50 uM. Interestingly, the selected
compounds present diverse scaffolds and three of them
showed selectivity towards YpkA (5 to 10 fold better inhibi-
tion on YpkA than in MAPK).

Steindl et al. applied a combined VS protocol which
included pharmacophore fitting, docking and ligand cluster-
ing through Principal Components Analysis (PCA), to select
new inhibitors of the coat protein of the human rhinovirus
(HRV) (Fig. 2) [41].In the first stage of the VS process
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Fig. (2). Scheme of the V'S protocol proposed by Steindl et al.
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structure-based pharmacophore model was proposed from
the crystal structure of the HRV coat protein complexed with
an inhibitor, using Catalyst [25]. The initial pharmacophore
hypothesis was validated in a simulated screening of 22
HRV coat protein inhibitors seeded among approximately
50,000 compounds from Derwent WDI, and applied later in
the screening of Maybridge database, considering multiple
conformers for the approximately 60,000 structures in the
database. Since the first pharmacophore guess proved to be
far too little restrictive (selecting 14.1% of Derwent WDI
DB and 15% of Maybridge DB), it was refined through two
subsequent, new hypothesis; the last of them retrieved only
10 compounds from Maybridge DB. The docking tool
LigandFit included in the Cerius software [42] was then
applied as a second filtering criterion. Several conformations
of the docked molecules were taken into account using a
Monte Carlo algorithm for conformation generation, while
the protein was kept rigid. All the seven scoring functions
included in Cerius were originally considered, as well as a
consensus score approximation. Simulated docking VS was
applied to select suitable docking parameters and scoring
conditions. To this end, 10 known HRV coat protein inhibi-
tors were seeded among 990 presumably inactive molecules
generated with the software iLib diverse and it was checked
which docking methodology ranked the active compounds in
high positions retrieving the hits in correct orientations and
conformations compared to the information of the X-ray
structures [43]. Finally, PCA-based clustering was applied to
verify that the compounds selected form Maybridge database
were clustered near 10 known active ligands using 34 Cerius
descriptors, among the several descriptors related to ADME
properties. The combined results of these VS approaches
allowed the selection of six candidates, which were submit-
ted to biological testing. All six compounds inhibited viral
growth and showed activities in the micromolar range, with
one of them having an 1Cs, value as low as 4.3 uM. From the
observation of cytotoxicity and difficulties related to solubil-
ity in some of the compounds, the authors have pointed the
need of more cautious estimation of these properties in fu-
ture studies.

A similar VS protocol based on the combination of
pharmacophore queries and docking was performed by
Rastelli and collaborators [44], in the search of inhibitors of
Plasmodium falciparum bifunctional dihydrofolate reduc-
tase-thymidylate synthase (DHFR-TS), pointed to the identi-
fication of new inhibitors with activity against antifolate
resistant malaria. Six Catalyst pharmacophores were built
upon the protonated and neutral structures of cycloguanil,
pyrimethamine and WR99210. Since some studies indicate
that resistance is due to accumulation of point mutations in
the DHFR domain of the enzyme, as stated by the “steric
constrain hypothesis” [45], one of the two methyl substitu-
ents at the C2 position of cycloguanil was excluded from the
overall pharmacophore volume, to avoid steric clash in the
cycloguanil resistant DHFR. The pharmacophores were
applied in the search of new inhibitors through the ACD
database (230,000 compounds) yielding 4,061 candidates for
docking. A pKa estimation was performed to determine if
the compounds selected by the protonated pharmacophores
could be protonated at physiological pH. It is worth mention-
ing that the diversity of this focused library was assessed by
way of the Tanimoto coefficient, demonstrating a better
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molecular diversity in the focused library than in the ACD
database. This is in good agreement with the statements of
the introduction of this review: 3D ligand-based and docking
VS methodologies tend to retrieve diverse scaffolds from the
database, especially when the 3D ligand-based approach is
based in generic functions such as hydrogen bond donors
and acceptors, hydrophobic groups and molecular volumes.
Docking was performed with DOCK3.5 [46], and the best
500 ranked compounds were clustered into chemical fami-
lies, excluding those molecules related to classic antifolates.
The best ranked compounds within each family were tested
against the recombinant wild type and antifolate resistant
Plasmodium falciparum DHPR. 12 new DHFR inhibitors
were identified, with inhibitory activity in the micromolar
range and chemical structure unrelated to those of classical
antimalaric drugs. Although they are all quite less effective
than cycloguanil and pyrimethamine, it is worth emphasizing
that, unlike these two drugs, their activity on mutant DHFR
is similar or sometimes higher than in the wild type DHFR.

Guo and co-workers employed VS to identify novel hits
for 3-Hydroxy-3-methylglutaryl-coenzyme A reductase
(HMGR) inhibitors [47]. The investigation started with
CoMFA studies on a training set of statins and statin deriva-
tives. Two molecular alignments were used: (1) by fitting the
corresponding atoms of the compounds with a template (ro-
suvastatin inhibitor, from which crystal structure of enzyme-
complex was determined) and (2) by using the molecular
docking active conformation (Flex-Pharm software [24]),
taking into account protein structural variability. The two
models generated similar results, and the contour plots ob-
tained matched well with the active site topological surface
generated from crystal structure of HMGR active site. Ac-
cording to the results obtained, a new pharmacophore was
generated by the fingerprints hypothesis technique (Tuplet
software [48]), which was used in VS of 41,393 entries pre-
selected according to Lipinski rules. A set of 4,138 structures
that satisfied the pharmacophore query were docked into the
HMGR active site and were used for another CoOMFA mod-
eling. Finally, the 2,291 best ranked hits obtained from dock-
ing and/or CoMFA were re-docked taking into account pro-
tein structural variability using FlexX. The investigation
leaded to eight potential HMGR not statin-like structures
with high pICs, predicted values.

Another example was presented by Spalluto et al. [49].
The authors applied a combined approach for the improve-
ment of the selectivity at human Aj; adenosine receptor an-
tagonists. A set of 106 pyrazolo-triazolo-pyrimidine deriva-
tives previously synthesized and evaluated were subjected to
high throughput molecular docking with MOE [50], using an
improved representation of the human Aj receptor obtained
by homology modeling from the X-ray crystal structure of
bovine rhodopsin. They did not find a good correlation be-
tween experimental binding affinities and theoretical binding
energies based on scoring functions, but the docking proce-
dure allowed the identification of structural features to define
a novel pharmacophoric pattern. Consecutively, the best
docking scored conformations were used as input for
CoMFA studies and the contour plots obtained were coher-
ent with the results originated by docking procedures. On the
basis of both the target-based pharmacophore and the
CoMFA model 17 new derivatives were synthesized and
evaluated. The predicted pKi values were very close to the
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Fig. (3). Flowchart of the methodologies proposed by Spalluto et al.

experimental ones. In particular, one of the derivatives (4-[3-
(2-furan-2-yl-8-methyl-8H-pyrazolo[4,3-¢][1,2,4]triazolo[ 1,5-
c¢] pyrimidin-5-yl)ureido]phenyacetic acid ethyl ester) pre-
sents activity in a sub-nanomolar range (0.82nM); which was
properly predicted by the regression model. Fig. (3) repre-
sents the combined design strategy used by the authors.

Fig. (4) presents a scheme of the combined VS protocol
used in the very interesting work from Luzhkov et al. [51].
The authors applied a 2D/3D indirect VS approach in com-
bination with a direct, structure-based method, in the search
of inhibitors of the Flavivirus mRNNA cap methyltrans-
ferases (MTases). Remarkably, they conducted their study
in an iterative way, using the best structure of the first VS
round as the query entrance for a second VS round. S-
adenosyl-L-homocysteine (AdoHcy), a co-product of the
methyl transfer, was first applied as search query in a 2D
similarity search of a database of 2.1 million commercially
available compounds. Since the use of unmodified AdoHcy
only retrieved chemically protected adenosinetriphosphate
analogues, the adenine group in AdoHcy was replaced by a
phenyl moiety. Compounds with molecular weight above
250 g/mol and Tanimoto index above 0.40 were retained in
the 2D similarity search, leading to 1,671 hits. Independ-
ently, a ligand-based VS approach using a pharmacophore
model was conducted, resulting in 895 hits. The geometries
of the compounds extracted from the pharmacophore and
similarity searches were optimized, and the structures were
then prepared for a docking stage, considering possible
tautomers, steroisomers, ring conformations and ionization
states, resulting in 7,836 total structures. Docking was per-
formed with GOLD [23], taking into account both local and
global docking (docking regions of 13 and 22 A" spheres
around the binding site of the methylating cofactor S-
adenosylmethionina —AdoMet- in that order). The authors
included the use of global docking to allow the possibility of
identifying multiple binding sites, as well as indicating the
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selectivity of a given ligand for the primary target site. In
order to select, latter, a diversity of scaffolds for biological
testing, the 7,836 structures from the LBVS were split in 20
structurally diverse ligand clusters using hierarchial cluster-
ing based on atom pairs and fingerprints. These structures
were submitted to local docking using the program settings
for faster optimization. Depending on the size of each clus-
ter, the top-ranking 5-20 hits from each cluster were merged
into a set of 230 ligands, which was re-docked using pro-
grams settings for accurate search, considering both local
and global docking. Note that other studies which combine
docking techniques characterized by different computational
cost and accuracy are described later in this review, in the
correspondent section. Nine compounds were selected for
biological testing; most of the compounds resulted weak
inhibitors of mRNA cap methyltransferase. The compound
which showed the best activity (ICso = 60 uM) was used as
query for a 2D substructure search; this second VS round
produced 3,225 structures, which were once again clustered
and screened through local and global docking, leading to 6
new compounds, 4 of which presented weak inhibitory activ-
ity at biological testing.

Another interesting recursive approach was performed by
Hammond et al. in order to speed up the SBVS process [52].
They considered the QSAR solutions based on a combina-
tion of global inductive and conventional QSAR descriptors,
to create quantitative models that enable evaluations of hy-
pothetical docking scores for defined protein-ligand systems.
The target protein was initially the human sex hormone bind-
ing globulin (SHBG), since the discovery of nonsteroidal
SHBG inhibitors constitutes an attractive target for hormone-
replacement therapies to combat diseases related to steroid
insufficiency. Initially, the authors applied some conven-
tional pre-docking filters to the NCI database (such as Lipin-
ski’s rules for drug-likeness criteria) and the QSAR
inductive parameters were calculated for the resulting set
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Fig. (4). Scheme of the VS protocol proposed by Luzhkov et al.
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(composed by 89,941 nonsteroidal structures). The resulting
set of 90,184 entries composed by the NCI drug-like com-
pounds and structures from an extended steroids benchmark
set previously collected [53] was clustered and a significant
set of compounds (that covers the chemical space of the
database) was docked into de active site of the crystal struc-
ture of the protein corresponding to 1KDM in Protein Data
Bank using Glide software [34]. The best docking scores
obtained were used as the dependent variable to construct a
linear QSAR model, which gave out hypothetical scores for
the remaining undocked structures. After that, the com-
pounds with worst predicted scores were removed of the
undocked set of structures and the docking process was re-
peated until all entries of the docking database were proc-
essed. Fig. (5) illustrates the general scheme of the proce-
dure. This methodology allows the removal of obvious non-
binders before the docking process, reducing the computa-
tional time and speeding up the process. An exhaustive
analysis of the capacity of recovering effective binders with
different settings (related to the sample size and rejection
percentage) indicated that in all cases the progressive dock-
ing permitted an exponential recovery of the true positive
predictions, and the number of false negatives predictions
was not very high in most cases. The optimal settings founds
were 10,000 molecules for the initial sampling step and a
20% rejection criteria, which allowed filtering out 38,301 of
90,184 molecules. The procedure was then validated on
other targets, showing that it recovered 80-100% of potential
docking hits and saving up 40% of the Glide processing
time. Finally the method was applied to another crystal struc-
ture of SHGB (PDB code: 1D2S), selected to complement
the previous studies based on 1KDM. Experimental testing
considering the top docking resultant compounds for 1IKDM
and 1D2S served to identify four compounds with binding
affinities in the low nanomolar range.

It is worth mentioning that this approach was based on
the assumption that the binding affinities are not considera-
bly related to the molecular orientation in the active site, but
the applicability of other systems remains to be investigated.
This subjacent general idea of minimizing the computational
costs and time involved in the structure-based screenings by
means of a QSAR model derived from the docking scores of
a small set of known ligands was previously considered by
other authors. In preceding investigations it was shown that
the use of the Bayesian classifiers trained on docking scores
of experimentally known binders can be used for virtual
screening [54-57]. In view of that, Filikov and coworkers
also developed a surrogate docking method to pre-rank com-
pounds to regular docking [58]. In this case the target protein
was the cyclin-dependent kinase 2 (CDK2) and two sources
of compounds were used: the NCI library and a combinato-
rial library composed by a set of 2,6,9-trisubstituted purines,
a chemical family known to inhibit CDK2 as well as other
kinases. They optimized the descriptors used in the QSAR
model, the size of the training set and the cutoff score for
binders using Bayesian classifier. Then, with these optimized
values determined, the surrogate docking method using Bay-
esian classification and a Radial Basis Function (RBF) was
performed. It was found that both tools provide significant
enrichment docking hits, but the Bayesian method is much
faster and identifies structural features found in binders and
in non binders. Finally, the Bayesian method was applied to
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a set of 205 compounds with known affinities to estradiol
receptor, and it was confirmed that in this case the ability to
enrich a database with experimental binders using surrogated
docking is comparable to the one obtained by docking itself.

According to the examples mentioned before, in sequen-
tial VS the docking methodologies comes out as one of the
last stages of the processes mainly due to its computational
cost. However, Baker and co-workers performed a different
approach for the design of new autotoxin (ATX) inhibitors,
in view of the limitations found for the available ligands
[59]. The current known ATX inhibitors exhibit a low struc-
tural diversity, and they present a high grade of flexibility
that forbid the definition of a single pharmacophore model.
Additionally, they fail to meet the Lipinski’s rules that char-
acterize drug-like compounds. Consequently, the authors
applied SBVS methodologies in order to identify new inhibi-
tors with drug-like physicochemical properties (and to gain
diversity for the creation of a suitable set of compounds for
QSAR model). The ATX catalytic domain was developed by
homology modeling using the crystal structure of a bacterial
nucleotide pyrophosphatase/phosphodiesterase (NPP) en-
zyme. MOE was used for docking studies [50], in presence
and absence of a restraint related to an anionic atom of the
ligand near one catalytic residue (T210). Better results were
obtained for the last case. Docking candidates were selected
using the online search tool www.hit2lead.com (Chem-
Bridge), considering compounds with anionic groups or
metal ligating functions, as well another structural features
(such as the presence of an additional aromatic ring, and
logP/molecular weight restrictions). 500 compounds were
docked, and 94 of them were experimentally evaluated. The
results showed that 20% of the tested structures were active
(with 20% of enzyme inhibition or more, at a concentration
of 10uM). In addition to the contribution to the knowledge
of the enzyme-ligand interactions, docking studies provided
the basis for binary QSAR models. They were developed
using 97 structures identified previously using SBVS or
taken from literature. The first model considered the com-
pounds obtained from the database without further process-
ing. The second model includes explicit hydrogen atoms,
ionization states expected under assay conditions and ge-
ometry optimization. Most of the descriptors were calculated
with MOE software [50]. Validation results showed that
Model 1 presented several advantages over Model 2, such as
the identification of a greater number of active compounds
and the recognition of the most effective structures, with no
need of processing the database.

COMBINED 2D/3D LIGAND-BASED VS AP-
PROACHES

Even though most of the recent articles that present com-
bined VS approaches focuses on integration of LBVS and
SBVS methodologies, we have found some examples of
“pure” combined ligand-based protocols. However, it is
worth emphasizing that some of the ligand-based stages from
the combined ligand/target based approaches reviewed in the
previous section do combine 2D and 3D ligand-based VS
approaches [41, 51]. Considering that the pros and cons of
each particular methodology have been mentioned and that
we have stated that no method is clearly superior over the
others, the exclusion of any of these methodologies does not
seem as a natural option, except in those cases where some
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Fig. (5). General scheme for the methodology developed by Hammod et al. The recursive cycle is illustrated by the dashed lines and the non-
colored objects, and the preparation cycle is illustrated by the solid lines and grayed object.

specific limitation prevents from using a particular approach
(for example, lack of the 3D structure of the target or impos-
sibility of obtaining a homology model), although it is worth
questioning if 2D ligand-based approaches should be used
serially or in parallel when integrated to 3D LBVS and
SBVS, provided that low dimensional ligand-based tech-
niques tend to select less diverse hits and therefore might
jeopardize the ability of 3D ligand-based or structure-based
methods to select novel scaffolds. This will be further dis-
cussed in the conclusions section.

In the absence of the 3D structure of sodium channels
linked to epilepsy, Gavernet et al. performed a combined
2D/3D VS approach that includes the subsequent use of a
discriminant function based on topological descriptors from
the program Dragon [60], general ADME filters such as
Lipinski’s rule of five and Veber’s rules for estimating drug
bioavailability and the optimal log P value for a compound
to diffuse passively through the blood-brain-barrier, and,
finally, fitting to a Sybyl pharmacophore [61]. From more
than 10,000 structures from InterBioScreen database, the
2D/ADME filters yielded a total of 56 structures, which were
fitted to the pharmacophore. 4 structures with an energy
difference of less that 4 kcal/mol between the minimum
energy conformation and the active conformation defined by
the pharmacophore were selected as anticonvulsant candi-

dates. One of them was tested in the MES test and proved
active in mice at 30 and 100 mg/kg, the lower doses of Phase
I of the NIH Anticonvulsant Drug Development Program.

In their quest for a novel NPYS5 receptor antagonist to
develop anti-obesity medications, a research group from La
Roche performed a VS campaign incorporating topological
information in a Catalyst 3D pharmacophore, so that the
ability of 2D similarity methodologies to retrieve hits with
strong binding affinity were merged with the potential of 3D
pharmacophores to yield structurally diverse scaffolds [62].
The VS of Roche compound repository retrieved 632 mole-
cules from which 31 presented 1Csy below 10 uM. One of the
compounds presented very low Tanimoto similarity (0.23)
when compared to the query structure and was free of patent
claims.

CASCADE DOCKING

When applying target-based VS methodologies, one
strategy is to take a direct approach to the screening, docking
the compounds of the database to the target using a certain,
single docking tool. An alternative, increasingly popular
strategy is the use of several fast computational techniques
first, yielding an enriched, focused subset of compounds that
are then docked through more accurate, computationally
demanding tools.
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Mukherjee et al. have implemented a 3-stage cascade
docking aimed to the selection of the Chymotrypsin-like
cysteine protease of SARS coronavirus, looking for just
shape complementarity at the early stages and focusing on
binding site interactions and geometrical quality of the bind-
ing pose later [63]. Departing from Asinex Platinum collec-
tion (120,000 compounds) they performed a pre-filtration
with ADME filters retaining only 32,000 compounds. Using
GOLD [23], half of those structures were disregarded
through GOLD 7-8 times (the generation of a single docking
pose is reduced 7-8 times compared to the standard mode),
and half of the remaining were discarded with GOLD 2
times. The final screening with GOLD standard leaded to
500 hits, which were submitted to clustering analysis, retain-
ing 100 compounds comprising the top-ranked molecule
from every cluster. 27 compounds were selected for biologi-
cal testing through visual inspection. One of them presented
a ICsp of 18.2 uM. Interestingly, a second VS protocol incor-
porating pharmacophore matching stages to the previous
protocol yielded a different sets of 81 candidates, one of
which presented a ICsy of 17,2 uM, which highlights the
already stated fact that different VS approaches yield differ-
ent results and that they should be regarded as complemen-
tary in nature. Note that similar multi-stage cascade docking
protocols had been successfully applied previously by the
same group, aimed to the identification of parasitic cystein
protease inhibitors [64, 65]. However, the pharmacophore
approach had not been incorporated in the VS protocol of
those previous studies. Other studies showed that inclusion
of a pharmacophore-based filter can significantly improve
the probability of identifying potential hits [66, 67]. A very
interesting contribution from Maiorov and Sheridan shows
that the opposite sense may also be true: the enrichment ratio
obtained with the use of an approach combining pharma-
cophore and a simplistic docking algorithm can be substan-
tially improved with more demanding docking tools [68].
Through a systematic study on 20 proteins the authors
proved that the enrichment ratio ICM-Dock to FLOG is
between 2 and more than 8 in many cases [69, 70].

In a revealing study, Miteva et al. performed combined
fast rigid-docking approach (FRED) with more complex and
computationally demanding flexible approaches in DOCK
and Surflex [71-73]. Comparison of the results of the multi-
stage methods to those of the more complex approaches
applied alone, on four molecular targets, showed that, sur-

Table 1.
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prisingly, the performance of the combined rigid and flexible
approaches was better than that of the flexible approaches
alone, not only in terms of computational time but in terms
of enrichment factors as well. The authors suggested that the
more flexible approaches used by Dock or Surflex succeeded
to fit some molecules into the binding pockets with favorable
contact scores while they had relatively low shape comple-
mentarity. In other words, difficulties regarding ligand flexi-
bility some times may lead to worse results than in those
cases in which simpler filters are included at earlier stages. A
good example of this approach may be found in the work
from Wang et al. on HIV-1 reverse transcriptase, where after
an initial pharmacophore filtering of 150,000 compounds,
the authors applied multi-conformational rigid docking,
solvation docking and, finally, MD simulations on the 30
best hits from the former stages to sample both the ligands
and target conformational space [74].

CONCLUSIONS

Although throughout the years there has been plenty de-
bate and studies aimed to define which of the many VS ap-
proaches is the best, the question remains with no conclusive
answer but the fact that there might not be a definitively supe-
rior methodology. Each approach has its own advantages and
drawbacks (a brief summary of each approach can be found in
Table 1, and the choice of one or other depends on the particu-
lar scenario faced by the Medicinal Chemist and the aim of the
study. If one is looking for an efficient methodology, ligand-
based applications might be the best choice. Among them, 2D
methodologies tend to present better enrichment factors. Tar-
get-based, direct approaches should be the alternative of
choice whenever information regarding the interaction be-
tween the drug and the molecular target is sought. Addition-
ally, the least efficient approaches such as 3D ligand-based
and docking seem to have advantage over the 2D approaches
when new, highly diverse scaffolds are being sought.

In the last five years many studies have chosen not to
choose a particular, single VS approach but a synergistic,
rational, synthetic combination of different approaches in-
stead, clearly aiming to take advantage from the best of each
particular methodology. A summary of the articles com-
mented in this review (from systematic comparisons of
ligand-based and structure-based methodologies to cascade
docking) can be found in Table 2. With the exception of the

A Summary of the Advantages and Drawbacks of Individual VS Approaches

VS Approach

Advantages

Disadvantages

¢ Fast

operator.

¢ High enrichment factor

2D ligand-based (2D similarity, 2D QSAR) * High reproducibility: especially in the
case of similarity-based 2D approaches,
there are few decisions to be made by the

e 2D LBVS tends to select less diverse hits
than more complex approaches

3D ligand-based (3D QSAR, pharmacophore based
techniques)

¢ High dimensional VS approaches tend to
select more diverse, novel scaffolds than
2D methodologies

¢ Computational cost: the VS process usually
involves conformational analysis.

Structure-based

* SBVS tends to select novel and highly ¢ Computational cost.
diverse scaffolds.

¢ Docking gives information on molecular
recognition events.

¢ Results critically depend on operator choices
(pre-processing of the target, scoring func-
tion, etc.).
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A Summary of the More Prominent Articles Commented in Each Section of this Review

Comparison Between Methods

Methods

Reference

Target

Comments

Molecular docking
Pharmacophoric patterns
3D-similarity searches
2D-QSAR models

Klabunde et al.
[22]

G-protein receptors

A comparison between several methodologies indicated that the
better performances were achieved by ligand-based models in
this system.

Pharmacophoric patterns
Molecular docking

Mc-Curdy et al.
[32]

Kappa opioid receptor

An acceptable convergence was found between the pharma-
cophore predicted activities and the docking scores.

Molecular Docking
Pharmacophoric patterns

Pair-based similarity approaches

Zhang and
Muegge [33]

CDKZ2, COX2, estrogen
receptor, neuraminidase,
HIV-1 protease,

p38 MAP kinase, thrombin

In most cases ligand-based approaches outperform structure-
based Virtual screening in studied the systems.

Molecular Docking

Carbonic Anhydrase
Protein Kinase
Cyclooxygenase
Dihydrofolate Reductase
Estrogen receptor

3D ligand-based approach McGaughey et al. HIV protease Topological S|mllgr|ty gives the best_performance, however the
) AR [35] . other methodologies retrieve more diverse compounds.

Topological similarity Reverse Transcriptase

Neuraminidase

Thrombin

Thymidylate Synthetase

Tyrosine phosphatase

Combined Ligand-Based and Structure-Based VS Approaches
Methods Reference Target Comments
Identification of inhibitors with diverse struc-

3DQSAR methods Hu etal. [37] Yersinia protein kinase A tural scaffolds that present selectivity against

Molecular Docking

the enzyme.

Pharmacophoric patterns
Molecular Docking
Ligand clustering

Steindl et al. [41]

human rhinovirus

Example of the use of sequential metodologies
to the detection of six active compounds at the
micromolar range.

Pharmacophoric patterns
Molecular Docking

Rastelli et al. [44]

Plasmodium falciparum bifunctional dihy-
drofolate reductase-thymidylate synthase

Twelve new inhibitors (micromolar range)
were identified using sequential methodolo-
gies. The compounds were structurally differ-
ent to those of classical inhibitors.

CoMFA
Pharmacophoric pattern
Lipinski rules
Molecular Docking

Guo et al. [47]

3-Hydroxy-3-methylglutaryl-coenzyme A
reductase

Identification of eight potential inhibitors with
not statin-like structures and high pICs, pre-
dicted values.

Molecular Docking
Pharmacophoric pattern
CoMFA

Spalluto et al. [49]

human A; adenosine receptor

Discovery of one inhibitor in a sub-nanomolar
range correctly predicted by the models.

2D similarity search
Pharmacophore model
Molecular Docking

Lushkov et al.
[51]

Flavivirus mRNNA cap methyltransferases

Iterative approach that evolve to the discovery
of 4 compounds with weak inhibitory activity

QSAR
Lipinski rules
Molecular Docking

Hammond et al.
[52]

human sex hormone binding globulin

Example of another recursive model to speed
up the docking methodologies using QSAR.
Four compounds with binding affinities in the
low nanomolar range were found.

QSAR
Molecular Docking

Filikov et al. [58]

cyclin-dependent kinase 2

The analysis of the ability to enrich a database
with experimental binders showed that the
performance of QSAR methods is comparable
to the one of docking itself.

Molecular Docking
QSAR

Baker et al. [59]

autotoxin

In this example a QSAR model was developed
using active structures found previously in
docking studies. 20% of the compounds
selected using Docking inhibit the enzyme,
while the QSAR model was 37% accurate in
the selection of active compounds for screen-
ing.
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Combined 2D/3D Ligand-Based VS Approaches

Methods Reference

Target

Comments

2D-discriminant function
2D/ADME filters
Pharmacophore model

Gavernet et al.

sodium channels

Identification of novel anticonvulsant com-
pounds.

Pharmacophore model

2D-similarity methodologies Mukherjee et al. NPY5 receptor The investigation 31 diverse structures with
Pharmacophore model [62] P 1Csy below 10 pM.
Cascade Docking
Methods Reference Target Comments
Identification of active compounds with
3[]311;/[ c]::ﬂf; ?T)fmkin Mukherjee et al. Chymotrypsin-like cvsteine protease Docking. The protocol that incorporates the
& [63] ymotryp Y p pharmacophore matching stages yields a more

active compound (IC5=17.2)

Sheridan et al.
[68-70]

Pharmacophore model

Molecular Docking 20 proteins

More demanding docking tools such ICM-
Dock improves the FLOG enrichment ratio.

Miteva et al. [71-

Molecular Docking 73]

Several targets

The performance of the combined rigid and
flexible docking stages was better than that of
the flexible approaches alone in the studied
systems.

Pharmacophoric patterns
Molecular Docking
Molecular Dynamic simulations

Wang et al. [74]

HIV-1 reverse transcriptase

Example of another docking cascade that
involved multi-conformational rigid docking,
salvation docking and ended with MD simula-
tions.

work from Luzhkov et al., it can be noticed that combined
VS protocols tend to include less costly approaches at the
first stages of the VS protocol, while reserving the most
demanding methods for the last stages, when the original
large compound databases have been reduced to a focused
library of manageable size. Compressively, much emphasis
is being given to the fact that the candidates selected for
enzymatic/biological testing by the end of the VS protocol
should be structurally diverse, representatives of as many
chemical families as possible, in order to identify new active,
patent-free, scaffolds. To this end, complex VS protocols
usually include, between the different VS stages, a clustering
step to select the best-ranked structures among each chemi-
cal family and similarity calculations to assess the diversity
of the hits of a particular VS stage. Bearing in mind that 2D
methodologies tend to select similar hits, the implementation
of strategies to assure structural diversity is especially impor-
tant whenever 2D VS is combined with either 3D ligand-
based approaches (such as pharmacophore fitting) or dock-
ing. Furthermore, it is worth questioning if the combination
of 2D similarity based approaches with 3D approximations
should be performed in the form of serial, subsequent filters
(with the most efficient, 2D filters at the first stages of the
VS) or in parallel, merging candidates from low and high
dimensional ligand-based approaches in a single pool. If
interest in high dimensional approaches is founded in the
expectancy of a set of highly diverse hits, then the use of a
2D similarity based filter in a previous stage might be coun-
terproductive if one bears in mind that the latter tend to se-
lect a narrower range of scaffolds. In that case, a good choice
might be the parallel, independent use of 2D and 3D ligand-
based approaches previous to docking (as in the work of
Luzhkov et al.) or the use of efficient ligand-based 3D meth-

ods or computationally inexpensive docking approaches
previous to more accurate, computationally demanding tar-
get-based procedures (which, as has been showed by several
of the reviewed studies, not only improves computational
times but might identify new candidates as well). In contrast,
if, for example, the search is aimed to retrieve a number of
structurally related hits to establish structure-activity rela-
tionships or one is interested in gaining information on the
chemical interactions between hits from a 2D VS and the
molecular target, then the use of 2D filters in the first steps
of the VS protocol is legitimate. Fig. (6) summarizes differ-
ent integrated VS protocols designs, together with the advan-
tages and disadvantages of each scheme.

It is also worth investigating the possible advantages of
alternative designs of integrated ligand-based/structured-
based protocols, beside the classic “less costly filters at the
beginning, more costly filters at the end” e.g. if a novel scaf-
fold has been identified through high dimensional ligand-
based or target-based approaches, it might be attractive to
include simpler, similarity based VS stages at the end of the
protocol, in order to identify new compounds related to the
novel scaffold but, for example, with different, more favor-
able ADMET properties.

Finally, it is interesting to underline once more that some
studies rise evidence on the fact that sometimes the use of
simpler approaches in earlier stages of a multi-stage VS
approach is not only functional in terms of timing, but also in
terms of improved enrichment factors, probably due to the
fact that more complex tools, require more expertise from
the human operator to define the program’s parameters set-
tings most adequate to the problem at hand, while conforma-
tional sampling sometimes adds significant noise to the re-
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Fig. (6). Three basic different schemes of integrated LBVS and SBVS approaches, and a summary of the correspondent advantages and
disadvantages. A dotted line indicates that one step can or can not be in the protocol (for example, there might be a integrated VS protocol
which only incorporates serial low and high dimensional LBVS approaches, or low dimensional LBVS and SBVS). Iterative cycles (using
the results of a cycle as initial query for the next) are also possible. Some studies integrate more than one of these simple protocol choices
(see the work from Luzhkov et al. as example: parallel high dimensional and low dimensional LBVS is followed by SBVS which is followed

by low dimensional similarity-based LBVS.

sults. As demonstrated in the case of combinations of rigid
and flexible docking tools, the application of simpler filters
may compensate the sometimes excessive flexibility of the
flexible approaches. As exemplified by many of the cited
work, the strategy used in each step from a multi-step VS
protocol should always be validated, if possible, with a simu-
lated screening, seeding a number of known ligands among a
large library of presumably inactive compounds, to exclude

the use of too flexible VS tools with poor ability to discrimi-
nate between the active and inactive compounds. When
simulated screening of this kind is performed, one should
bear in mind that the enrichment factor dramatically depends
on the kind of decoys used (universal, drug-like, mimetic or
modeled decoys) as brilliantly stated recently by Nicholls
[75].
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